%47 B % 4 FRRXFFHR Vol. 47 No. 4
2024 % 4 A Journal of Chongqing University Apr. 2024

doi:10.11835/j.issn.1000.582X.2024.04.011

Z BOAL A 53 B 4y i 5 LSTM i) L g Py 9% o oK
fir

SEYAN & RS ERCE AN SRR AR A A
(1. AWM ERBAFA RN, E R 4011215 2. TR KR F AHLF R, R 400044)

WE.-BRLMY TR ERKRFRANREZD A LRMARZY TE& 20 A LS T RBR
FAE R FEBHRARTAE P T A AR AT QAU AT N AT T i ol ) 3] R R,
A¥ghm B, ELERAKXGEADTERANERN LA ETZEL, 4B AR o0~ T
PE R ShobE A A BROMEAF B, R R — A R T AR KA T 5 A o M (variational mode decomposition,
VMD)5 & 42 8 32 124 2 W % (long short-term memory, LSTM)# ¥ 4 4 3T & KR 7 %, i B E W
R ERXRFESHEAE A YN, 7?‘\)"*] &% & AL 3 7% (whale optimization algorithm, WOA) 5 & 1L %
VMD R4 5 5| AT S 0, K 0 MR R0 B E 5 E o A M LSTM A, R B4 2850
TR A & Ae T M) %iy#ﬁ%éﬁniﬁwﬁo FEr s RAU R AT E LT F & LSTM,
EMD-LSTM .VMD-LSTM .PSO-VMD-LSTM .SSA-VMD-LSTM A & & a5 # & 357 M4 F R K
T A — 2 &L,

KW 2 AT KEIITIAYZ R L T 5B b BRI & 5 0 18] 551

FES %S :TP39 XHkERE A X EHES:1000-582X(2024)04-127-12

A power material demand forecasting method based on
parameter optimization variational mode decomposition and
LSTM

XIANG Hongwei', CAO Xinyu’, ZHANG Lijuan', ZHOU Chuting’, ZHANG Di',

DENG Chenfeng', XIE Hongpeng', WANG Kai’
(1. State Grid Chongqing Tendering Co., Ltd., Chongqing 401121, P. R. China; 2. College of
Automation, Chongqing University, Chongqing 400044, P. R. China)

Abstract: The State Grid has continuously improved its material procurement management level and refined its
online procurement processes. However, inaccurate estimation of procurement plans, has led suppliers to engage

in price games using the general bidding and tendering mechanism during the bidding process. This has resulted in
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increased procurement costs of the power grid company. Therefore, it is of great significance to establish an
accurate and effective electricity material demand forecasting model. In respose to the instability, volatility and
intermittency of power material sequences, this paper proposes a forecasting method for power material demand
based on parameter-optimized variational mode decomposition (VMD) and long short-term memory neural
network (LSTM). Typical power materials from the State Grid e-commerce zone platform were selected. VMD,
optimized by using the whale optimization algorithm(WOA) parameters, was adopted to perform modal
decomposition on the original sequence. LSTM models were then constructed for each modal component obtained
from the decomposition. Finally, the predicted values of each mode were superimposed and reconstructed into the
predicted value of power materials. Experimental results show that the proposed method achieves higher
prediction accuracy compared to LSTM, EMD-LSTM, VMD-LSTM, PSO-VMD-LSTM and SSA-VMD-LSTM.
This approach holds practical significance for the forecast of power grid material purchase.

Keywords: power materials; long short-term memory neural network; variational mode decomposition; whale

optimization algorithm; time series
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Fig.5 Comparison of prediction results of different material models
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